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Abstract—Video denoising is a pre-processing step of many 

high level video processing applications since it can considerably 
enhance the perceived video quality, increase compression 
effectiveness, facilitate transmission bandwidth reduction and 
improve the performance of the subsequent higher level task 
such as feature extraction, object detection, prediction, coding 
and object tracking. In this paper, a new scheme for video 
denoising based on spatial filtering is proposed which synthesizes 
the blurring caused by averaging filter and sharpening due to 
high boost filter for effective objective and subjective video 
quality enhancement. The main drawback of averaging filter is 
that it gives a blurring effect and de-emphasizes the fine details 
from an image such as edges and texture. This blurring artefact 
is compensated through highboost filtering operation by   
selecting an appropriate value of the highboost weight factor 
intended for better video quality and superior HVS performance. 
Experimental results show that the proposed method achieves 
better performance of noise removal with much reduced blurring 
and fine detail preservation in terms of improved objective and 
subjective video quality. 
 
Keywords – Image and video processing, Video denoising, spatial 
averaging filter, highboost filter, human visual system (HVS), 
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I. INTRODUCTION 
Video denoising is an essential feature of many video 

encoding architecture since it can considerably enhance 
coding efficiency while at the same time improving the 
objective and subjective quality of video sequences. Noise not 
only deteriorates the subjective and objective quality of video 
sequences but also has a severe adverse effect in compression 
and coding efficiency. Noise, due to its random nature, can 
considerably decrease spatial and temporal correlation thus 
limiting the coding efficiency of noisy video signals. Thus it is 
desirable to remove noise without losing any of the important 
details of a video such as edge or texture.  

Video signals are often contaminated with additive noise 
during acquisition due to imperfection in the charge coupled 
device (CCD) detectors in camera hardware and during 
transmission through analogue channel. The other causes of 
noise contamination are electronic instabilities, thermal 
fluctuations, analogue to digital conversion process, poor light 
condition, high speed capturing rate of video cameras, low 
cost webcams and mobile phone cameras etc. The overall 

noise contribution is often modelled as an independent 
additive white Gaussian process [1].   

 In this proposed method Gaussian noise is taken into 
account for video denoising. In this paper, a robust video 
denoising algorithm is proposed which combines a spatial 
averaging filter with a highboost filter for restored video 
quality improvement. A spatial averaging filter certainly 
removes the Gaussian noise quite effectively but produces 
blurring artefact and deemphasizes the fine details such as 
edges and texture of an image. The blurring caused by spatial 
averaging filter is compensated by sharpening due to 
highboost filter. The high boost filter sharpens or emphasizes 
the subtler details of an image. The sharpening due to high 
boost filtering can be varied depending on the degree of 
blurring and the characteristics of the video sequences by 
means of appropriate selection of weight factor (k). The 
weight factor is selected from the Mean Square Error (MSE) 
vs weight factor (k) plot of different frames of a video. The 
weight factor for which the mean square error is negligible or 
else zero is chosen for enhancing the objective quality of a 
video. In order to enhance the subjective quality of a video, 
the weight factor is slightly increased more than the actual 
value which will be further compensated by Gaussian blurring 
because of Human Visual System. In HVS there exists a 
spatial filtering mechanism, which can be described by 
modulation transfer function (MTF). The band pass 
characteristics of MTF suggests that the human visual system 
is most sensitive to mid frequencies and least sensitive to high 
frequencies [2]. The HVS can be mathematically modelled as 
low pass filter having Gaussian characteristics. Consequently 
the restored video sequences are passed through a Gaussian 
low pass filter for better subjective evaluation. 

Many video denoising algorithms have been proposed in 
literature and they may be classified as spatial domain 
methods [3-6] and transform domain methods [7-13]. In real-
time video encoding system, the computational complexity of 
the wavelet domain method is too high. The simpler spatial 
domain methods being less complex and fast are more taken 
into account for real-time operations.  

Till now very little work is done on video denoising with 
fine detail preservation and better subjective enhancement. 
Here a novel and robust scheme is proposed to denoise highly 
corrupted video sequences with much reduced blurring and 
better subjective evaluation. 



The proposed method is described in the subsequent section 
where as experimental results are given in section-III. Finally, 
the work is concluded in section-IV. 

 

II. PROPOSED METHOD 
 
Video denoising for better subjective quality enhancement 

is performed by a three stage process as shown in Fig.1. 
 

 
 

Fig. 1.  Steps in video denoising for better subjective evaluation 

The various sub processes are described below. 
 

A. Spatial Average Filtering 
Spatial averaging filter is the first step of video denoising 

process for the removal of Gaussian noise. The output 
(response) of a spatial averaging filter is simply the average of 
the pixels contained in the neighbourhood of the filter mask. 
This filter is also referred to as a low pass filter. This filter 
replaces the value of every pixel in an image by the average of 
intensity levels in the neighbourhood defined by the filter 
mask. This process results in a video frame with reduced 
sharp transitions in intensities. Because random noise 
typically consists of sharp transitions in intensity levels, the 
most obvious application of smoothing is noise reduction. 
However, edges are characterised by sharp intensity 
transitions, so averaging filters have the undesirable side 
effect that they blur edges. A major use of averaging filter is 
the reduction of irrelevant detail in an image.  

The noisy video input is decomposed into frames  
),,( nyxfN  . Here yx,  are the spatial coordinates and n  

is the frame number that represents discrete time. The general 
implementation for filtering the noisy video with an averaging 
filter of size p × q  where ( p and q  odd) is given by the 
following expression 
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Where ),,(1 nyxg and ),,( ntsw denote the spatial 

averaging filtered video sequences and the averaging filter 
mask coefficients respectively. For a mask of size p × q , we 
assume that 12 += ap and ,12 += bq  where a  and 
b are positive integers [14]. In the proposed method we have 

taken mask of size 5 × 5  since it has the better ability of noise 
removal than 3 × 3  mask with slightly more blurring. In view 
of the fact that the averaging filter has blurring artefact it is 
compensated in the next level of processing by Highboost 
filtering operation. 

 

B. Highboost Filtering 
This process is used to sharpen a video frame by 

subtracting an unsharp or smoothed version of the video frame 
from the original. This process is called  Unsharp Masking 
and consists of the following steps. 

 
• Blur the original video frame. 
• Subtract the blurred video frame from the original. 

The resulting difference is called the mask. 
• Add the mask to the original and repeat this 

operation for all the frames. 
Let ),,(1 nyxg , ),,( nyxf denote the blurred video 
sequences and original video sequences respectively. The 
unsharp masking is expressed in equation form as follows 
 

),,(),,(),,( 1 nyxgnyxfnyxgmask −=                          (2) 
 
Then the weighted portion of the mask is added back to the 
original video frame for sharpening and is given by 
 

),,(.),,(),,(2 nyxgknyxfnyxg mask+=                   (3) 
 
where ),,(2 nyxg , k  denote sharpened video sequence and 
weight factor respectively. The amount of video sharpening is 
a function of the weight factor, k. Generally, a nonzero 
positive weight factor is taken.When 1=k , we call the 
process as unsharp masking. When 1>k , the process is 
referred to as Highboost Filtering. Choosing 1<k  de-
emphasizes the contribution of the unsharp mask while 
choosing 1>k  emphasizes the contribution of the unsharp 
mask [14].  Highboost filtering technique is used to 
minimize the blurring artefact for the subjective and objective 
quality improvement of a video. An optimal value of weight 
factor is obtained from the Mean Square Error (MSE) vs 
k plot. The value of k  for which MSE is zero or extremely 
small is taken into account for objective video quality 
enhancement. 
      

C. Gaussian blurring 
A video having better objective quality may not be soothing 

to the human eye. Consequently there is a necessity for 
subjective enhancement of the denoised video sequence. Our 
Human visual system can be modelled as a Gaussian low pass 
filter. Hence the video sequences, being sharpened by the 
highboost filtering is passed through a Gaussian blurring filter 



for better subjective evaluation. The amount of blurring by the 
Gaussian mask is determined by the type and characteristics 
of the video sequence. For instance extremely sharpened 
video sequences require more blurring than a less sharpened 
video sequences. In order to provide less blurring more 
weightage is given to the centre pixel of the Gaussian filter 
mask and vice versa. Fig.2 shows the two 3×3 Gaussian filter 
masks for different degree of blurring for better subjective 
evaluation. 
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Fig. 2. Gaussian filter mask for modelling HVS 

(a) for very low blur 

(b)  for low blur  

III. EXPERIMENTAL RESULTS 
The proposed denoising technique is capable of restoring 

the original video sequences from the noisy one with much 
reduced blurring with fine detail preservation. The proposed 
method has the further advantage that the restored sequences 
are slightly modified by very low blurring Gaussian filter 
(HVS model) as shown in Fig. 2 intended for better subjective 
evaluation. The HVS can be modelled as a very low blurring 
Gaussian filter for which very high weightage is given to the 
centre pixel of the filter mask as mentioned in Fig.2. 

In the first step of the proposed technique the noisy video 
sequence is filtered through a 5 × 5  averaging filter which 
provides blurring artefact. In order to reduce the blurring 
artefact Highboost filter is used. Appropriate value of the 
weight factor is selected for which the Mean Square Error is 
minimum. In Fig. 3 the MSE and PSNR(dB) of the Bus 
sequence is plotted against the weight factor ( k ). 

The effectiveness of the proposed scheme of video 
denoising with better subjective evaluation is demonstrated in 
Fig. 4.The original and noisy video frame are shown in figures 
(a) and (b) respectively. The blurred and denoised video frame 
obtained by 5×5 averaging filter is shown in figure (c). The 
error between original frame and blurred video frame is 
shown in figure (d) where the error is more prominent because 
of blurring due to averaging filter. The highboost filtered 
video frame is shown in figure (e) with very less blurring and 
edge preservation. The error between original and Highboost 

filtered video is highly reduced as shown in figure (f). The 
restored video frame is finally passed through Gaussian mask 
of very low blur and low blur respectively for better subjective 
evaluation. The outputs of the Gaussian mask having very low 
blur and low blur are shown in figure (g) and figure (h) 
respectively. The figure (g) and figure (h) show enhanced 
subjective video quality with little variation in blurring.   
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                        Fig. 3.  MSE and PSNR for the video : Bus Sequence             
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Fig. 4. (a) Frame 20 of the original Bus sequence; (b) Frame 20 of Bus 
sequence corrupted with zero mean Gaussian noise with variance 0.25; (c) 
Frame 20 of Bus sequence after passing through a 5×5 spatial averaging filter; 
(d) Error between original and the averaging filtered image×10; (e) Highboost 
filtered output of frame 20 of Bus sequence; (f) Error between Highboost 
filtered output and the original×10; (g) Filtered output of Gaussian mask of  
very low blur applied to frame 20; (h) Filtered output of Gaussian mask of 
low blur applied to frame 20;  (i) Frame 30 of the original bus sequence;  (j) 
Frame 30 of Bus sequence corrupted with zero mean Gaussian noise with 
variance 0.25;  (k) Highboost filtered output of frame 30 of Bus sequence; (l) 
Filtered output of Gaussian mask of very low blur applied to frame 30. 
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  Fig. 5. (a) Frame 20 of the original salesman sequence; (b) Frame 20 of 
salesman sequence corrupted with zero mean Gaussian noise with variance 
0.25; (c) Frame 20 of salesman sequence after passing through a 5×5 spatial 
averaging filter; (d) Error between original and the averaging filtered 
image×10; (e) Highboost filtered output of frame 20 of salesman sequence; (f) 
Error between Highboost filtered output and the original×10; (g) Filtered 
output of Gaussian mask of  very low blur applied to frame 20; (h) Filtered 
output of Gaussian mask of low blur applied to frame 20;  (i) Frame 30 of the 
original salesman sequence;  (j) Frame 30 of salesman sequence corrupted 
with zero mean Gaussian noise with variance 0.25;  (k) Highboost filtered 
output of frame 30 of salesman sequence; (l) Filtered output of Gaussian mask 
of very low blur applied to frame 30 of salesman sequence.  
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 Fig. 6. (a) Frame 20 of the original flower sequence; (b) Frame 20 of flower 
sequence corrupted with zero mean Gaussian noise with variance 0.25; (c) 
Frame 20 of flower sequence after passing through a 5×5 spatial averaging 
filter; (d) Error between original and the averaging filtered image×10; (e) 
Highboost filtered output of frame 20 of flower sequence; (f) Error between 
Highboost filtered output and the original×10; (g) Filtered output of Gaussian 
mask of  very low blur applied to frame 20; (h) Filtered output of Gaussian 
mask of low blur applied to frame 20;  (i) Frame 30 of the original flower 
sequence;  (j) Frame 30 of flower sequence corrupted with zero mean 
Gaussian noise with variance 0.25;  (k) Highboost filtered output of frame 30 
of flower sequence; (l) Filtered output of Gaussian mask of very low blur 
applied to frame 30 of flower sequence. 

 
 

 

IV. CONCLUSION 
Here we have proposed a novel method which not only 

denoises the video highly corrupted with Gaussian noise but 
also provides very less degree of blurring with fine detail 
preservation such as edge and texture. Simulation results show 
that the proposed method yields improved objective quality 
video by appropriate selection of weight factor ( k ) taken 
from MSE vs k  plot. In addition to this the proposed method 
achieves better subjective quality by passing the restored 
video sequence through a Gaussian filter mask for better HVS 
performance. 

This method works fine with all kind of video data set 
taken. The proposed method is a low complex, robust and fast 
denoising algorithm suitable for various video denoising 
applications. 
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